One of the largest families of small RNAs in eukaryotes is the H/ACA small nucleolar RNAs (snoRNAs), most of which guide RNA pseudouridine formation. So far, an effective computational method specifically for identifying H/ACA snoRNA gene sequences has not been established. We have developed snoGPS, a program for computationally screening genomic sequences for H/ACA guide snoRNAs. The program implements a deterministic screening algorithm combined with a probabilistic model to score gene candidates. We report here the results of testing snoGPS on the budding yeast Saccharomyces cerevisiae. Six candidate snoRNAs were verified as novel RNA transcripts, and five of these were verified as guides for pseudouridine formation at specific sites in ribosomal RNA. We also predicted 14 new base-pairings between snoRNAs and known pseudouridine sites in S.cerevisiae rRNA, 12 of which were verified by gene disruption and loss of the cognate pseudouridine site. Our findings include the first prediction and verification of snoRNAs that guide pseudouridine modification at more than two sites. With this work, 41 of the 44 known pseudouridine modifications in S.cerevisiae rRNA have been linked with a verified snoRNA, providing the most complete accounting of the H/ACA snoRNAs that guide pseudouridylation in any species.
INTRODUCTION
The small nucleolar RNAs (snoRNAs) define one of the largest families of small non-coding RNAs known in eukaryotes. A homologous class of RNAs (sRNAs) exists in archaeal organisms as well [see reviews (1) (2) (3) ]. Divided by sequence and secondary structure motifs into the box C/D and box H/ACA families, most snoRNAs serve as guide RNAs in 2 0 -O-ribose methylation or pseudouridylation of specific nucleotides of ribosomal RNA (rRNA) and other RNAs, including spliceosomal small nuclear RNAs (snRNAs). A small number of C/D and H/ACA snoRNAs also play essential roles in the cleavage of precursor rRNA (1, 2) . In all cases, the snoRNAs function as part of a snoRNA-ribonucleoprotein complex (snoRNP) and are associated with four core proteins.
For the C/D guide snoRNAs, the presence of relatively wellconserved box motifs and 10-21 nt complementary guide sequences has enabled the development of a successful computational screen (4) . As a result, it has been possible to determine the nearly complete complement of C/D guide snoRNAs in the budding yeast Saccharomyces cerevisiae, as well as hundreds of C/D snoRNA-like genes in archaeal species (5, 6) . Moreover, it has been possible to associate all but four ribose methylations in ribosomal RNA in S.cerevisiae with a guide snoRNA, and to show that, with one possible exception, each C/D box snoRNA targets at most two sites of ribosomal methylation; yeast U24 may guide three sites of which two are adjacent (7) .
In contrast to the C/D guide snoRNAs, the H/ACA guide snoRNAs have shorter and less well-conserved primary sequence motifs, making the development of an effective computational screen for H/ACA snoRNAs and their associated pseudouridylation (C) sites significantly more difficult. One screening strategy has been reported, although its candidates have not been tested experimentally (8) . Because simple, comprehensive experimental means for identifying these snoRNAs are also lacking, H/ACA guide snoRNAs remain hidden in most genomes, even where complete genomic sequences and modification maps exist. In order to address this, we have developed a computational screen for this class of snoRNAs and have demonstrated its effectiveness on the yeast genome.
In S.cerevisiae, there are 44 known rRNA C sites (9, 10) . Although pseudouridylation can occur by RNA-independent mechanisms, we hypothesize that, like ribose methylation of rRNA (4) , most or all C modifications require snoRNA cofactors as guides. When we began our studies, only 27 sites had been linked to 22 known S.cerevisiae H/ACA snoRNAs (1, 9) . If all 44 Cs in yeast rRNA were guided by H/ACA snoRNAs, as many as 17 additional guide snoRNAs would remain to be identified. The suggestion that numerous H/ACA snoRNAs remained to be detected in S.cerevisiae was supported by the observation that fractionation of total small RNA from this yeast revealed upwards of 50-60 species in the size range of $70-330 nt (11) . Moreover, nearly all of the 33 species examined by sequencing in this study were snoRNAs, including 20 H/ACA species (11) . Thus, despite the availability of the complete genome sequence for yeast over the last eight years, it appeared likely at the beginning of this investigation that numerous snoRNAs remained to be discovered.
A number of H/ACA snoRNAs have also been identified in other eukaryotes by experimental screens (12) . Homologous sRNAs have been discovered in archaeal organisms as well (13) . Such experimental screens are labor-intensive and costly, and consequently are likely to be performed only for a limited number of model organisms. These experimental approaches also tend to favor discovery of the most abundant RNAs so that species of lower abundance may not be detected. Another experimental challenge is defining C modifications in RNA transcripts. Information about the sites of C modification in rRNA and other RNAs is only available for a few organisms (9) , and mapping new sites biochemically is time-consuming (14) . Identifying new guide snoRNAs greatly facilitates the identification of previously unknown C sites with which they interact. For these reasons, there is an important need for computational screening methods to guide experimental efforts to identify H/ACA guide RNAs and their sites of C modification.
Here, we report the computational identification and experimental verification of H/ACA snoRNAs that guide pseudouridylation in S.cerevisiae. We have developed a program that screens genomes for candidate guide snoRNAs called 'snoGPS' (for 'snoRNAs-Guiding-Pseudouridylation Scanner'). The program implements a combination of a deterministic search algorithm and a probabilistic gene model of H/ ACA snoRNA primary sequence and secondary structure, trained on known H/ACA guide snoRNAs. Primary sequence motifs, rRNA guide sequences, stem-loop structures, and interval spacing between the different motifs are all used within the model. In the present work, we used snoGPS, in conjunction with comparative sequence analysis and Gibbs free-energy-minimization calculations to select 17 candidate genomic regions for experimental study. From our computationally identified candidates, we confirmed six new members of the H/ACA class of RNAs, including five that were experimentally shown to guide pseudouridylation at specific sites in rRNA. We also established assignments of guide snoRNAs to 14 of the known Cs in S.cerevisiae rRNA. With this work, guide RNAs have been assigned to 41 of the 44 known pseudouridylation modifications in yeast rRNA.
MATERIALS AND METHODS

Data sources
Saccharomyces cerevisiae sequence data were taken from the Stanford Saccharomyces Genome Database (SGD) (15) .
Searches were performed against either the entire S.cerevisiae genome or against the SGD 'Not-Feature' component created by removing all open reading frames, known RNAs and other annotated sequences from the genome. Specific searches of S.cerevisiae intron sequences were also performed using sequence data from the yeast intron database (16) . Sequence data for five other Saccharomyces genomes (S.bayanus, S.castellii, S.kluyveri, S.kudriavzevii and S.mikatae) were taken from unannotated genomic-sequence files provided by Cliften et al. (17) . Sequence and annotation data for the known snoRNAs (which were used in program training) were initially taken from the University of Massachusetts snoRNA database (18) . Data on additionally verified H/ACA snoRNAs was added to the training data during the course of the project, as they became available, either from the literature (19, 20) or from newly verified genes in the present study.
Algorithm description
The snoGPS program employs a deterministic search algorithm and a probabilistic gene model to search for RNA genes with weakly conserved primary and secondary structure motifs [see (21) for a review of deterministic and probabilistic sequence models]. The hybrid nature of the program is intended to combine the efficiency of deterministic algorithms with the sensitivity of probabilistic models to detect multiple weakly conserved motifs. In practice, the program generally executes in two stages. An initial series of deterministic tests limits the potential search space, enumerating all possible features for a given candidate. The second phase consists of scoring routines that measure how similar the identified features are to those of a training set of known RNAs. Summing of the component scores in the framework of a probabilistic model gives a final bit score used to rank candidates. snoGPS can be configured by means of user-specified 'descriptor files'. The descriptor files are similar in spirit to those found in RNAMOT (22) and several similar RNA-motifsearching programs (23, 24) . However, in contrast to most of these programs, snoGPS is designed to facilitate the incorporation of probabilistic scoring matrices for any of the specified motifs. The user can also specify a target file consisting of short 'target sequences' to be used by the program (e.g. when searching for C guide snoRNAs, these are the sequences immediately flanking the C in the target RNA). In this way, a single invocation of the program can search for guide snoRNAs for multiple C sites.
The model of H/ACA snoRNA genes used by snoGPS is based on the canonical H/ACA structure shown in Figure 1A . The actual tests performed by snoGPS are shown in the schematic diagram in Figure 1B . Most of our genomic screens utilized a descriptor file based on the entire two-hairpin molecule shown in Figure 1A and including all tests shown in Figure 1B (the 'two-stem scanner'). An alternative descriptor file implementing a search for one half of the snoRNA molecule in Figure 1A and tests 1 through 9 of Figure 1B (the 'one-stem scanner') was used during the initial screen and for sites where the two-stem scanner did not score any candidates above our threshold. (A variant of the one-stem scanner specific for the 3 0 half of the snoRNA structure and executing tests 1 though 7 followed by tests 11, 22 and 9 was also For the two-stem algorithm, snoGPS first searches for the hairpin structure containing the rRNA-guide sequences (tests 1-7). Then it searches both upstream (tests 10-13) and downstream (tests [14] [15] [16] [17] for the second hairpin structure. To speed up the search, some tests have ranges on the allowable test results (shown to the right of the corresponding test). 'minlen' and 'maxlen' indicate the minimum and maximum allowed values for a length test. 'Mismatch' is the maximum allowed number of mismatches for a guide-region matching test and 'min(match-mismatch)' is the minimum excess of matches (Watson-Crick or G-U) over mismatches for a stem. If the score for a candidate is outside the allowed range, the sequence is rejected and the remaining tests are not executed.
implemented. However, it was rarely used since it has low sensitivity for snoRNAs with guide sequences in 5 0 hairpins.) snoGPS also utilizes a set of score tables created by a separate program that uses sequences of the known H/ACA snoRNAs as training data. For each feature or motif, a corresponding score table is created by calculating a log-odds ratio of scores from two models: one that describes H/ACA snoRNAs and a null model that uses the background nucleotide composition of the S.cerevisiae genome (21).
Comparative genome analyses
As the study progressed, all high-scoring candidates were further screened using a BLASTn (NCBI Stand-Alone BLAST, version 2.2.6) (25) similarity search of the other five Saccharomyces genomes. For these BLASTn searches, default parameters were used except for wordsize, 'W = 8' and expected value, 'e = (1 · 10 À4 )'. In addition to screening on the basis of simple overall sequence similarity, the strongest BLAST hits for each candidate were aligned using TCoffee (version 1.37) (26) , and the alignments were annotated using the snoGPS output. The annotated alignments were manually evaluated and compensatory changes that preserved the H/ACA secondary structure (as occurs in the known snoRNAs) were taken as additional evidence that a candidate snoRNA was a true positive.
Free-energy calculations
Minimum Gibb's free-energy values were calculated for candidate hits using the mfold program (version 3.1) with default program values (27) . Minimum free-energy (MFE) values were divided by the length of the candidate sequence to remove biases toward longer candidates. A cutoff score was determined by comparing the MFEs of known snoRNAs with those of the top 100 snoGPS 'hits' found in 36 million base pairs (36 Mb) of random sequence. Candidates with MFEsper-nucleotide significantly outside the range of values from the known H/ACA snoRNAs were removed from the candidate list.
Algorithm assessment
Algorithm sensitivity was initially assessed by testing the program on all of the sites targeted by the previously known snoRNAs. We performed cross-validation tests of the probabilistic parameters used in the score tables, by means of separate searches for each known snoRNA, using training data derived from all other snoRNA sequences [i.e. 'leaveone-out' testing (28, 29) ]. However, since the overall algorithm utilized information from all the known snoRNAs, this approach cannot be considered as a genuine cross-validation test. Ultimately, we assessed the sensitivity of snoGPS on the basis of our experimental tests and none of our conclusions hinge on cross-validation. Program specificity was assessed by searching random sequence generated with a fifth-order Markov model (21) of S.cerevisiae, which uses hexanucleotide frequencies in the genome. The random data experiments were carried out using 36 Mb of sequence (corresponding to three complete S.cerevisiae genomes), and the experiments were repeated using all 44 Saccharomyces C sites to determine whether the random-sequence test scores were targetdependent.
Experimental verification
Initial experimental verification of candidate RNAs was performed with northern analysis, by probing total small RNA. Total RNA was isolated from strains grown to mid-log phase in rich media using a hot phenol method as described previously (30) . Total RNA (10 mg) was separated on a denaturing polyacrylamide gel (7 M urea, 1· TBE), electrophoretically transferred onto a nylon membrane (Hybond-N; Amersham) and cross-linked to the membranes with ultraviolet light. The membranes were treated for 1 h at 37 C in the formamide buffer [50% (w/v) formamide, 5· SSC, 5· Denhardts, 5 mM disodium EDTA, 0.5% SDS, 250 mg/ml herring sperm DNA and 50 mM Tris-HCl, pH 8.0]. Membranes were probed overnight in formamide buffer at 42 C with internally labeled PCR products corresponding to the genome regions as follows: snR80(chrV:52057-52775), snR81(chrXV:233743-234566), snR82(chrVII:316607-317187), snR83(chrXIII:626422-626743), snR84(chrIV:1492605-1492976) and snR85(chrXIII: 67699-68228). Each membrane was also incubated with 5 0 end-labeled snR64 oligo 5 0 -ATGTTCCTCGTCACTTGA-GAATCTGTTGTC. Post-hybridization washes were done at 42 C; twice with 2· SSC and once with 0.1· SSC/0.1% SDS. Hybridization patterns were determined using a PhosphorImager (Molecular Dynamics). For 5 0 end mapping, total RNA (20 mg) was precipitated with 10 6 c.p.m. of each 5 0 end-labeled oligo. Samples were dissolved in distilled water and heat-denatured. Reverse transcription reactions were carried out in a final volume of 20 ml for 45 min at 42 C with the following components: 1· First-strand buffer, 0.01 M DTT, 2.5 mM dNTPs, 20 U RNaseIN (Promega) and 100 U Superscript RT (Invitrogen). Samples were treated with RNAseA, phenol:chloroform: isoamyl alcohol extracted, ethanol precipitated and half of the reaction mixture loaded onto a 6% sequencing gel (7 M urea, 1· TBE). A mapping ladder was generated with dideoxysequencing reactions using the primers indicated above.
Candidate sequences were evaluated for C modification activity by disrupting the RNA coding sequence and screening for target rRNA modification using a primer extension assay. Strains corresponding to knockouts of the known snoRNAs were described previously (31) . The strain YRP1145 for RNA161, which was formerly suggested to be an H/ACA snoRNA (20) , was kindly provided by Roy Parker. All other strains were produced for the present work by PCR-mediated gene disruption (32) in the yeast strain YS602 (MAT:a ade2-101 his3-11,15 trp1D901 ura3-52 leu2-3,112). In each case, the PCR product used in the gene disruption was the Kluyveromyces lactis TRP1-marker gene flanked by $50 bp upstream and downstream of the genomic region of interest. To produce the PCR products, the template was pBS1479 (33) and two primers of $70 nt each were used. The 3 0 ends of each set of primers were constant: 5 0 -TGATATCGAATTCCTGC-3 0 for the upstream primer and 5 0 -TACGACTCACTATAGGG-3 0 for the downstream primer. Further information including source code, a sample descriptor file and details of the snoGPS implementation, experimental procedures and primer sequences can be found in the Supplementary Material.
RESULTS
A computational screen can detect H/ACA snoRNAs
We sought to determine the sensitivity of snoGPS by searching for known H/ACA snoRNAs with the algorithm depicted in Figure 1B . This algorithm takes into account the following features: the ability of the rRNA guide sequence(s) to base pair with target RNAs; the stem-loop structure of the 5 0 and 3 0 hairpins; similarity of the H and ACA box motifs to those in known H/ACA snoRNAs; nucleotide distances between features; and the number of thymine residues in the 12 nt region immediately 3 0 to the candidate sequence (11). All of the 22 known snoRNAs except snR30 were included in the training set for these tests (snR30 was excluded because, at the time, it had no known or predicted C target).
snoGPS ranked 10 of the training set snoRNA sequences as having the highest score in the entire S.cerevisiae genome for at least one of its target C sites (Table 1) . Six others had among the four highest scores in the genome for at least one site (Table 1) . Two more (snR10 and snR34) had scores among the top six in the intergenic region of the genome (data not shown), so that, in all, 18 of the 21 training set snoRNAs scored among the top six hits in the intergenic region for at least one target.
Only snR8, snR9 and snR36 received lower rankings, in each case because of the presence of an insertion in one hairpin. Interestingly, two of these (snR36 and snR8) were found to have homologous sequences in S.castellii that received snoGPS scores of 36.8 and 33.7, respectively (data not shown), significantly higher than their S.cerevisiae scores of 22.6 and 29.6. This observation led us to expand our direct screening for new snoRNAs from S.cerevisiae to all six of the Saccharomyces genomes.
We tested the specificity of snoGPS using randomly generated sequence as a negative dataset. These experiments allowed us to develop general expectations for the rate of false positives at various score thresholds (Figure 2A ). From the figure one sees that for a typical randomly generated genome sequence and C target site, the highest two-stem model snoGPS score was $36.5. Very little target dependence was observed among these scores which ranged from 35.5 to 37.5. This result, combined with the observation that most of the training set snoRNAs had scores greater than 36 bits, suggested using a threshold of 36 bits when searching for new snoRNAs.
Comparative genomics and free-energy calculations improve detection specificity
The results of MFE computations using the mfold program indicated that in general, known snoRNAs have slightly lower (i.e. more stable) MFEs than randomly generated sequences ( Figure 2B ). However, as seen in Figure 2B , there is a considerable overlap between the free energy values of known snoRNAs and the strongest snoGPS hits to randomized sequences. Consequently, a conservative free-energy cutoff score of less than À0.15 kcal/mol/nt was used to avoid inadvertently missing an snoRNA with relatively high (less stable) MFE.
BLASTn was used to detect possible orthologous snoRNA gene sequences in other Saccharomyces genomes. BLASTn similarity scores of known snoRNAs were found to be well separated from those of randomly selected 200 nt intergenic subsequences ( Figure 2C ). Approximately 75% of the randomly selected sequences have only one similar sequence (13%) in another Saccharomyces genome or none at all (62%). In contrast, all but one of the 22 known snoRNAs has apparent homologs in at least three genomes as seen in Table 1 [snR3 has only two putative homologs among the other yeast genomes; however, this is probably because the other yeast genome sequences are incomplete (17) ]. This suggested that a candidate sequence with only one homolog in the other genomes, or none at all, is probably a false positive and this cutoff was also incorporated into the screen for new H/ACA snoRNAs.
In addition, alignments of known H/ACA snoRNAs with corresponding other yeast homologs confirmed that most of the sequence variations are in the loop and hinge regions (data not shown). The few differences that do occur in the stem For each snoRNA, the C site which ranked the highest (by score) in the entire S.cerevisiae genome is indicated, as well as the score and the ranking. The table also lists the number of other Saccharomyces species with putative homologs to the snoRNA as well as the calculated minimum Gibbs-free energy of the snoRNA in kcal/mol/nt, denoted as 'E/base'. a Cross-validation score. b Number of other Saccharomyces species with BLAST hit to snoRNA with BLAST E-score < 10 À4 .
c snoRNAs not included in initial training set. snR30 was not included in the training set because no target site was known until the present work was almost complete. snR161 and snR191 were not initially in the training set because they are not included in the snoRNA database (18). After they were independently identified in the present study, they were added to the training set.
segments almost always conserve snoGPS-predicted base pairings. This is illustrated for two of the newly identified snoRNAs in Figure 3 . Consequently, visual inspection of cross-species alignments of candidate sequences also served to eliminate probable false positives.
These results suggested that by post-processing candidate sequences we would eliminate many false positives. This would enable us to consider candidates with snoGPS scores lower than the threshold of 36 bits. Consequently, in practice, candidate sequences were filtered by mfold scores, presence of likely orthologs in other Saccharomyces genomes, and by knowledge of whether the sequence is intergenic, intronic or overlapping a known gene. With these additional filters, candidate sequences with snoGPS scores as low as 32 bits were considered for further testing.
New H/ACA snoRNAs detected by snoGPS are verified with gene disruption experiments
The searches for new H/ACA snoRNAs were carried out with three separate computational screens. The initial screen used the one-stem algorithm and the S.cerevisiae genome, only. In this phase, we also specifically searched for single-stem hits near one another that could form a double-guide molecule. In the second screen, both the one-stem and two-stem algorithms were used and the mfold and BLASTn homology post-processing filters were included. In the third screen, we modified the descriptor file to allow more G-U base pairings in the guide region and we analyzed all six Saccharomyces genomes directly with snoGPS.
The searches for single-stem hits near one another that could form a double-guide molecule resulted in two candidates that turned out to be previously identified RNAs. One of these was identified as snR191 (19) . The other was a small RNA called RNA161 (20) which for consistency we refer to as snR161. This RNA had been suggested to be an H/ACA RNA but no target for it had been identified (20) . These two RNAs were not in the University of Massachusetts snoRNA database (18) and had not been included in our initial training set (they were subsequently added to the training set). Identification of these snoRNAs indicated that the program was performing well in searching for snoRNAs in which both guide domains have a known target.
The screens for snoRNAs resulted in the selection of 17 candidates (Tables 2 and 3) shown in Figure 6C . The results from the genetic disruption analyses showed that five of the six (snR80, snR81, snR82, snR83 and snR84) are required for C formation at specific positions in rRNA ( Figure 5 ). Unexpectedly, one snoRNA (snR82) was found to be required for C synthesis at both a predicted site (LSU-2350) and a nearby site that was not predicted (LSU-2348).
Unfortunately, we were unable to determine whether the sixth verified RNA (snR85) is required for guiding its predicted C modification. This was because, despite repeated efforts, we were unable to detect the C at SSU-1179 even in the S.cerevisiae wild-type strain. The reason for this result is not clear, but may be related to the presence of two other C sites, SSU-1185 and the hypermodified SSU-1189, in the same Figure 3 . Phylogenetic comparison is consistent with the presumed secondary structure of newly discovered snoRNAs. The proposed secondary structures of the guide regions of the newly discovered S.cerevisiae (A) snR80 and (B) snR82 snoRNAs are shown along with the homologous sequences from several other Saccharomyces species. Nucleotides differing from S.cerevisiae are encircled. Those changes that presumably disrupt base pairing within the snoRNA or between the snoRNA and the rRNA are also shaded. The rRNA sequences are shown in light gray. The box ACA element at the 3 0 end of each RNA is underlined. The C at LSU-2350 is shown for the snR82 guide region. For clarity, only one of the two H/ACA hairpins for each of the snoRNA homologs is shown. region as SSU-1179. Interestingly, snR85 has an snoGPS score of only 28.8 in S.cerevisiae, below the threshold of 32 bits. However, the BLASTn homologous sequence of snR85 in S.kudriavzevii received a snoGPS score of 33.6 bits (data not shown). Consequently, snR85 was included for experimental testing.
The gene disruption analyses also showed that knock-out strains for two loci that had given negative northern and modification results (those at locations chrVIII:48383-48701 and chrX:277746-277979) grew at significantly slower rates than those of the other 15 gene disruption strains (data not shown). This suggests that these two sequences-while apparently not H/ACA guide snoRNAs for ribosomal RNA-may either exert regulatory control on other loci of biological importance or may be expressed at very low levels with the laboratory yeast strains and standard growth conditions used.
Forty-one of forty-four S.cerevisiae rRNA Cs correlate with a known snoRNA In addition to searching for new snoRNAs, we applied snoGPS to search for additional targets of the known snoRNAs. From an analysis of known snoRNAs with rRNA guide sequences where the C guide function has been experimentally verified, we observed that the 'match score' (total number of Watson-Crick or G-U base pairings minus the number of mismatches in the rRNA guide-sequence region) ranged from 8 to 16 (Table 4 ). In addition, we observed that the rRNA guide sequences were generally well conserved among the other Saccharomyces species (e.g. see Figure 3 ). We consequently set our main criteria in searching for unassigned Cs that might be guided by already-known snoRNAs to be a minimum match score of 7 in the rRNA guide sequence and strong cross-species conservation of the rRNA guide sequence.
Using these criteria, we used snoGPS to analyze the known snoRNAs (including those newly identified in the present study) to determine whether they might guide any additional pseudouridylations for which a guide-snoRNA had not been experimentally confirmed. This resulted in new predictions of guides for nine Cs with no experimentally confirmed, associated snoRNA (Table 5 and Figure 6 ). Interestingly, in four cases, more than one potential guide snoRNA was found with match scores above the cutoff (SSU-759, LSU-1109, LSU-2128 and LSU-2313).
To remove ambiguity from these often conflicting snoRNA guide/target predictions, we performed gene disruption experiments. We also tested previously proposed, but unverified guide functions for snR3 (for LSU-2132), snR11 (LSU-2128), snR44 (SSU-106 and LSU-1055), snR49 (LSU-989) and snR189 (SSU-466). The results of these experiments 'E/base' indicates the calculated minimum Gibbs-free energy of the candidate sequence in kcal/mole/nt (scores for verified candidates are shown in Table 1 ). Note that snoGPS scores with the one-stem-scanner are generally lower than those from two-stem-scanner. A threshold of 20 bits was used with the one-stem-scanner. a Phase of investigation in which snoRNA was selected for experimental testing. '1-stem scan' indicates that candidate was identified with the one-stem-scanner descriptor file. b Number of other Saccharomyces species with BLAST hit to snoRNA with BLAST E-score < 10 À4 . c Loci for which knock-out strains showed significantly slower growth rates. d Overlaps known protein-coding gene RPS18B. 'Ch' and 'St' indicate chromosome and strand, respectively. a Phase of investigation in which snoRNA was selected for experimental testing.
confirmed 11 pairings of snoRNAs with C modifications (Table 5 ). The target sites include SSU-106, SSU-120, SSU-211, SSU-302, SSU-466, SSU-632, SSU-766, LSU-989, LSU-1055, LSU-2128 and LSU-2132. For LSU-2128, the C modification had previously been assigned to snR11 (34) . However, the putative guide sequences in snR3 are better conserved in other yeast genomes than those of snR11 (data not shown). This suggested that LSU-2128 may be guided by snR3, and, in fact, this assignment was confirmed experimentally ( Figure 5 ). Interestingly, single-gene disruptions of four different snoRNAs predicted to target site SSU-759 (snR3, snR33, snR42 and snR80) and three others predicted to target LSU-2313 (snR5, snR46 and snR80) did not alter the C phenotype.
Thus, with seven C sites guided by new snoRNAs, seven sites guided by known snoRNAs with newly determined associations, and 27 sites with previously known associations, we get 41 total sites with associations (Table 4 ). 0 end mapping of snR80, snR81 and snR85 from WT RNA relative to a 10 bp marker. (C) Primer extension 5 0 end mapping of snR83 from WT RNA relative to a 10 bp marker. End-mapping of snR82, snR83 and snR84 has been reported previously (40) . For snR82 and snR84, our results are very similar to those of (40) (data not shown). For snR83 our results show a strong stop signal corresponding to coordinates in reasonable agreement with those in the corrected version of (40) (see http://www.genetics.wustl.edu/eddy/publications/#McCutcheonEddy03).
Two snoRNAs are required for the modification of three or more non-adjacent C sites Among the newly predicted target-guide associations, those for snR49 and snR3 are of particular interest. Our results demonstrate that snR49 is required for four separate, nonadjacent C modifications. Three of these sites (SSU-120, SSU-211 and LSU-989) are predicted to be guided by a single guide sequence within the 5 0 hairpin that is complementary to all three rRNA target sites. We have also shown that snR3 is required for the formation of three non-adjacent Cs. These are the first verified cases of a single snoRNA specifying three or more Cs in any species. In contrast, only one S.cerevisiae methylation guide snoRNA (U24) has been shown to be required for more than two modifications, and two of the three sites that it guides are adjacent (7). These findings were quite unexpected as it has been widely assumed that no snoRNA could guide more than two non-adjacent sites (1, 3) .
DISCUSSION
This study yielded two important advances. First, we have demonstrated that a computational screen is capable of detecting H/ACA snoRNAs in Saccharomyces genomes. Second, we have assembled the first nearly complete set of experimentally verified associations between guide snoRNAs and C sites in a single RNA type, in this case pre-ribosomal RNA. In particular, we have experimentally verified 17 H/ACA snoRNA C guide assignments, confirming that for S.cerevisiae, at least 37 of 44 Cs in ribosomal RNA are guided by a snoRNA (Table 4) .
The study also identified areas where snoGPS could be improved in the future. In six cases, experimentally verified snoRNA target site associations received low scores. One site (LSU-2348) was missed entirely, presumably because it is only two nucleotides from another C site (LSU-2350) and the same snoRNA guides both pseudouridylations (although it is formally possible that the first C is needed for the second modification). Strikingly, the complementarity between the 3 0 region at LSU-2350 and the corresponding 5 0 guide region in snR82 is 10 bp in length, which is the longest base pairing potential of any C guide snoRNA known to us ( Figure 6C ). In matching snR82 to the nearby LSU-2348 site, the base pairing potential is still eight nucleotides. A similar phenomenon was previously observed for two yeast C/D box methylation guide snoRNAs (U24 and snR13), where methylation of two adjacent ribose sites is guided by a single snoRNA (4, 7) .
Aside from adjacent modified sites, low snoGPS scores are generally caused by some unusual feature in the snoRNA that has not been incorporated into the model underlying the snoGPS algorithm. An example is that of snR36 [see Figure 4C of (34)], which appears to have a large insertion in the 5 0 hairpin, and does not conform well to the consensus snoRNA model used by snoGPS. In principle, it should be possible to modify the descriptor file to allow such structures to be detected. Interestingly, another snoRNA (snR42) with a large insertion in the 5 0 hairpin (34) received a high score from snoGPS because snoGPS identified an alternative secondary structure scheme that is more similar to the canonical one. It would be interesting to determine which of these predicted structures is closer to the natural secondary structure of snR42 or if both forms occur in the cell. While allowing flexibility for these extra structures may be necessary for searching in other yeasts, we have observed yeast non-coding RNAs to be, by far, the most problematic in terms of insertions of stem-loops in the canonical structures relative to orthologs found in other species (unpublished data). Thus, we anticipate yeast to be among the most difficult organisms in terms of flexibility required in the gene models, implying that our sensitivity measures presented here are likely to be a lower bound compared to other sequenced organisms.
Of the seven C sites in S.cerevisiae rRNA for which no guide snoRNA has been experimentally confirmed, four are predicted to be guided by a unique known H/ACA snoRNA. Sites LSU-965 and SSU-1189 were predicted previously to be served by the snR43 and snR35 snoRNAs, respectively (31, 35) , and our analysis supports these assignments. The snoGPS scores for these pairs are 40.0 and 46.4, respectively, and taken with perfect complementarities of 10 and 12 nt for the target-guide sequences, it seems very likely that these associations are correct. Site LSU-1179 has a perfect 12 bp match to the target-guide sequence of snR85; however, as noted above, we were unable to detect the C at LSU-1179 in our primer extension experiments even for wild-type S.cerevisiae. Similarly, site LSU-1109 has a perfect 11 bp match to the target-guide sequence of snR30 (Table 5) . Testing this prediction is also not straightforward, however, as snR30 is an essential snoRNA required for nucleolytic processing of pre-rRNA (36) . Separating these functions genetically may be possible, however, based on success with another dual function H/ACA snoRNA (snR10). In that study, modification was blocked with a point mutation that did not affect the nucleolytic cleavage function (37) .
This leaves just three sites without clear assignments (SSU-1414, SSU-759 and LSU-2313). Two of these C sites (SSU-759 and LSU-2313) have high target-guide match scores to multiple snoRNAs (Table 5 ). However, disrupting the coding sequences for these snoRNAs individually did not block modification. A formal possibility is that either or both modifications could be formed by classic C synthases that are not part of snoRNP complexes, and do not require snoRNA cofactors. Another possibility is that the modifications may be mediated by redundant mechanisms. Such redundancies might involve multiple snoRNAs acting with one or more snoRNA-dependent C synthases. Alternatively, both snoRNA-dependent and snoRNA-independent pathways may exist as was recently discovered for the 2 0 -O-methylation of LSU-U2918 in S.cerevisiae (38) . These issues could be addressed by examining the modification states of LSU-2313 and SSU-759, after disrupting all of the candidate guide snoRNAs in the same yeast strain. For each C, the experimentally verified or predicted associated guide H/ACA snoRNA is listed, as well as the snoRNA hairpin (5 0 or 3 0 ) that includes the putative guide sequence. The snoGPS score for the associated guide snoRNA is shown as well as the rank of that score within the entire S cerevisiae genome for the site. The total number of matches and mismatches in the rRNA guide sequence is also shown. The final column lists references for the experimental verification of the guide activity of the snoRNAs. Asterisks denote sites with multiple unverified predictions. For SSU-1414, our computational screen did not yield a likely candidate. Potential explanations here include one or more of the following possibilities: (i) the guide snoRNA may have some unusual structural feature(s) that causes it to elude the snoGPS program, as occurs with snR36; (ii) the site may not occur in the other Saccharomyces species analyzed, in which case a guide snoRNA in S.cerevisiae might not have recognizable orthologs and hence would be rejected by our candidate-filtering procedure; and (iii) this modification may be catalyzed without the use of a guide snoRNA, as appears to be the case for the pseudouridylation of S.cerevisiae tRNAs. These possibilities might apply to the negative experimental results obtained for C sites LSU-2313 and SSU-759 as well. In fact, the C corresponding to LSU-2313 is conserved in Escherichia coli (and in several other prokaryotes and eukaryotes) and is known to be formed by a protein-only C synthase in E.coli (9) . However, the C modification at SSU-759 is not conserved in E.coli and the modification at SSU-1414 is not known to occur anywhere other than in Saccharomyces (9) .
With the completion of the present work, it is possible to begin to make systematic comparisons of the nearly complete sets of snoRNAs that guide rRNA ribose-methylations with those that guide rRNA pseudouridylations in a single species. One noticeable difference is in gene organization. Among the 42 C/D box methylation-guide snoRNAs, six occur in introns and 17 occur in one of five polycistronic transcripts. In contrast, only two of the 28 H/ACA snoRNAs are intronic. Moreover, the distance of each of the H/ACA snoRNA genes from its neighboring genes in the S.cerevisiae genome suggests that no H/ACA snoRNA genes occur in a polycistronic transcript. Another difference is that with the possible exception of one or two C/D box snoRNAs that may guide methylations at adjacent sites, each C/D guide snoRNA targets at most two sites of ribosomal methylation (4, 18) . In contrast, we have seen that at least two of the H/ACA snoRNAs guide C formation at three or four non-adjacent sites.
Comparison with other computational methods for H/ACA snoRNA detection It is interesting to compare our method to two other recent approaches to H/ACA snoRNA genefinding in S.cerevisiae: the MFE method (8) and a method known as QRNA (39, 40) . The MFE approach seeks to identify H/ACA snoRNAs using a probabilistic search algorithm based on H/ACA snoRNA structure and free-energy minimization (41) . A detailed comparison of the present results with those in the MFE study is not possible because that report does not include experimental verification, nor does it list the genomic coordinates of the 50 candidate sequences identified. For three of the top candidate sequences, approximate locations are indicated. Two of these are within an intron of a known gene (RPS11A and RPL43A) and one overlaps a known protein gene (MPP10). We have tested these three regions with snoGPS using as targets all of the S.cerevisiae C sites for which there is as yet no experimentally verified guide snoRNA. The highest snoGPS scores for these candidates are 23.1, 18.1 and 24.2, respectively, all of which are well below our usual snoGPS cutoff of approximately 36 (or 32 for highly conserved intergenic candidates); thus snoGPS would not select these sequences as probable H/ ACA snoRNAs. Approximate chromosomal locations are provided for 37 other candidates ( Figure 9 in that report) (8) . Comparing these approximate locations with those for the six new RNAs identified here, it is clear that five of the six new RNAs are not among those listed. The DNA segment for one candidate is in the general region of snR80, however, it is not possible to determine from the report if the candidate is indeed snR80. We conclude that at most one of the six snoRNAs identified in the present study are among the top 40 candidates of the MFE approach.
In contrast to snoGPS and the MFE approach, QRNA (39) is designed to search for any well-structured small non-coding RNA (ncRNA) conserved in at least two species. QRNA does not use any sequence-specific training data or descriptor files. Instead, QRNA looks for covariation patterns found in alignments of putative homologs of the candidate RNA sequence. While the present study was in progress, McCutcheon and Eddy (40) applied QRNA to S.cerevisiae, and identified 92 candidate ncRNAs. Eight of these candidates were confirmed by northern analysis (40) including three of the H/ACA snoRNAs independently identified in the present study. The designations in that study (RUF1, RUF2 and RUF3) correspond to our RNA species snR84, snR82 and snR83, respectively. Interestingly, McCutcheon and Eddy (40) were able to classify only one of these three as a H/ACA snoRNA without the use of snoGPS. We believe that this example illustrates how QRNA and snoGPS can be powerful complementary tools in searches for ncRNAs; QRNA is able to screen a genome for potential ncRNAs while snoGPS can efficiently identify which ones are H/ACA snoRNAs and what C modifications they guide.
Searching for C guide snoRNAs in other species and for other classes of RNAs By changing the target files, descriptor files and score tables used, snoGPS can also be adapted to search for C guide snoRNAs in other organisms. Such searches will be much easier, of course, in cases where the locations of target C sites are known precisely. However, in cases where C sites are not known, snoGPS can still be applied by using all uridine sites as potential targets. An additional challenge is that in many species only a few H/ACA snoRNAs are currently known and available for use as training data. We are currently developing modified target files, descriptor files and score tables that address these issues in order to search for H/ ACA snoRNAs and homologs in archaea, mammals and other model organisms.
In addition to searching for snoRNAs that guide C formation in rRNA, snoGPS could be used to search for snoRNAs that guide pseudouridylation of other classes of RNAs. Based on the results with snoRNA-like RNAs that guide C synthesis in non-rRNAs-including the related scaRNAs that act on spliceosomal snRNAs in vertebrate Cajal bodies (42) , it seems likely that the key structural properties featured here will be present in other C guide RNAs as well. In fact, in mammals, experimental screens have identified snoRNA-like RNAs with canonical H/ACA features and with guideelements complementary to known C sites in spliceosomal snRNA (12) . We have not yet applied snoGPS to search for snoRNA variants that target snRNAs, in part because C modifications in S.cerevisiae snRNAs may be mediated by a snoRNA-independent mechanism (43).
Beyond searching for C guide snoRNAs, snoGPS can be reconfigured-through changes to its descriptor files and score tables-to search for other families of RNAs, provided that they have characteristic primary sequence and secondary structure motifs. Examples might include telomerase RNAs and microRNAs (44) and their precursors. The only requirement is the availability of a training set of known or related RNAs to aid in the creation of the necessary descriptor files and score tables.
In searching for classes of RNAs with few known examples for training, the issue of large numbers of false positives is likely to become significant. We anticipate that in such cases, snoGPS may be more effective when applied to sets of known RNAs of unknown structure and function than to genome-wide searches. In the last few years, hundreds of such RNAs of unknown function have been identified by experimental (12, 13) and computational (41, 45) means. The results from microarray experiments and cross-species homology analyses suggest that many more such RNAs will be found [e.g. (46) (47) (48) ]. Classifying and establishing relationships among these newly identified RNAs will be an important challenge in the coming years. snoGPS, which combines much of the flexibility of RNA-motif searching programs with the detailed, probabilistic score tables typically found in customized programs, provides a promising approach for accomplishing this goal.
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